1. Organic farming is seen as a prototype of ecological intensification able to conciliate crop 15 productivity and biodiversity conservation in agricultural landscapes. However, how natural 16 enemies, an important functional group supporting pest control services, respond to organic 17 farming at different scales and in different landscape contexts remain unclear. 18 2. Using a hierarchical design within a vineyard-dominated region located in southwestern 19 France, we examine the independent effects of organic farming and semi-natural habitats at 20 the local and landscape scales on natural enemies. 21
(Bruggisser, Schmidt-Entling, Bacher, 2010). Such crops provide more refugees and 88 resources for biodiversity but generally received many more pesticide applications over time 89 than annuals crops (Muneret, Thiéry, Joubard & Rusch, 2018b). Here, we sampled a wide 90 community of arthropod natural enemies (spiders, harvestmen, ground beetles, rove beetles, 91 lacewings, ants and earwigs). First, we aim at disentangling and evaluating the relative effect 92 of the 'hidden heterogeneity' (here referred as the proportion of organic farming; Vasseur et al., 2018b). Note that crop productivity did not significantly differ between farming systems 140 and that we were not able to estimate crop productivity for two vineyards out of 42 (see 143 As the above-ground community and the foliage community represent two guilds, we 144 analysed the response of each community to environmental conditions separately. For each 145 community, we calculated total abundance, species richness and evenness (Pielou index) over 146 the year. At each sampling date, approximately 10% of the vineyards were not sampled 147 because of pitfall trap destruction (N=4 for the first until the fourth sampling dates and N=5 148 for the fifth date). Species richness was rarefied to take into account differences in terms of 149 detectability within fields (Gotelli & Colwell, 2001) . For the foliage community, we 150 calculated the abundance of ants, spiders, earwigs and lacewings and the richness of ants and 151 spiders. For the above-ground community, we calculated both the abundance and the richness 152 of ants, spiders, ground beetles and rove beetles. Finally, we calculated the global abundance 153 of harvestmen (those from both the foliage and the ground). All these metrics represented 21 154 descriptors of natural enemy communities which were then used as response variables in our 155 models and data were log-transformed for further analyses when it was necessary.
| Data analyses

156
Linear mixed models were used to investigate the effects of local management 157 intensity, farming systems and landscape composition on each response variable. Because of 158 some trap destructions, we corrected the abundance of the communities for each vineyard 159 having an uncompleted sampling. Therefore, separately for the foliage and the above-ground 160 community, we calculated the relative contribution of each sampling date to the total 161 abundance of the community and we divided the total number of individuals collected by the 162 sum of the relative contribution of the sampling dates that were sampled for the given 163 vineyard. This gave the estimated total abundance of a given community for a given vineyard 164 taking account for which sampling dates were sampled. 165 We fitted four models of increasing complexity ('M0', 'M1', 'M2' at 500-m scale and 166 'M2' at the 1000-m scale) for each response variable and we used a multimodel inference 167 approach to test our hypotheses (N observations =40). We applied this procedure to identify the 168 most relevant spatial scale for natural enemies. M0, the first model, had local covariates as 169 predictors: 'field age', 'vine stock density', 'total TFI', 'tillage intensity' and 'crop 170 productivity' . At this first step, all the possible models were ranked using the Akaike 171 Information Criteria corrected for small sample size (AICc) and models with a ΔAICc < 2 172 were retained among the set of top models. Such set of top models was then used to estimate 173 the mean effects and confidence intervals of each explanatory variable using model averaging 174 (Grueber, Nakagawa, Laws & Jamieson, 2011). Covariates which were significant at this M0 175 step (i.e., with a confidence interval significantly different from zero and having a relative 176 importance variable equal to 1) were conserved and included in models 'M1'. M1 included 177 'selected local covariates' and 'local farming systems' as predictors. This step allows for 178 evaluating the effect of local farming systems on biodiversity after taking into account 179 potential confounding effects of specific local covariates. We then fitted two different M2 180 models, one for each spatial scale (i.e., 500-m, and 1,000-m) to test our hypotheses related to 181 the effect of the landscape composition and its interaction with local farming systems on 182 biodiversity. In M2, we thus integrated 'selected covariates', 'local farming systems', 'the 183 proportion of semi-natural habitats', 'the proportion of organic farming' and two interactions: The same averaging approach was applied for the four models and we calculated the Factor and the highest value was equal to 2.29 for the TFI.
203
All analyses were performed using the R software (R Core Team, 2016) and the 204 packages 'lme4' (Bates, Mächler, Bolker & Walker, 2014) and 'MuMIn' (Bartoń, 2016) . Figure S1 ). Table   253 1; Figure 2a ). Table 2 ) and that vine trunk density was positively correlated with harvestman abundance 260 ( Figure 3c , Table 1 ). On the opposite, crop productivity, tillage intensity and pesticide use 261 intensity were negatively affected natural enemy communities. Crop productivity reduced the 262 richness of the total above-ground community (Figure 3d , This study provides novel results about the independent effects of organic farming and 267 semi-natural habitats at different spatial scales on natural enemy communities, a key 268 functional group for the development of ecological intensification. Globally, we find that 269 farming practices at multiple spatial scales are stronger drivers of community abundance than sampled in the foliage. For each response variable, we recalculated the Akaike weights among all of the models from the four different sets ('M0', 501 'M1' and both 'M2' obtained using multimodel inference). We, therefore, estimated the relative importance of each level of complexity for a given 502 response variable that gave us the "best scale" of response ( Figure S1 ). The sum of the Akaike weights ("Sum Wi") of the models obtained at the 
